The objective of this paper is to focus on the technical issues of single-stage thermo-electric coolers (TECs) and two-stage TECs and then apply new methods in optimizing the dimensions of TECs. In detail, some metaheuristics-simulated annealing (SA) and differential evolution (DE)-are applied to search the optimal design parameters of both types of TEC, which yielded cooling rates and coefficients of performance (COPs) individually and simultaneously. The optimization findings obtained by using SA and DE are validated by applying them in some defined test cases taking into consideration non-linear inequality and non-linear equality constraint conditions. The performance of SA and DE are verified after comparing the findings with the ones obtained applying the genetic algorithm (GA) and hybridization technique (HSAGA and HSADE). Mathematical modelling and parameter setting of TEC is combined with SA and DE to find better optimal findings. The work revealed that SA and DE can be applied successfully to solve single-objective and multi-objective TEC optimization problems. In terms of stability, reliability, robustness and computational efficiency, they provide better performance than GA. Multi-objective optimizations considering both objective functions are useful for the designer to find the suitable design parameters of TECs which balance the important roles of cooling rate and COP.
Introduction
The Mud-Pulse High-Temperature (MWD) is known as a system used for performing drillingrelated measurements down-hole and transmitting information to the surface while drilling a well [1] . A typical High Temperature MWD tool structure is presented in Figure 1 .
A MWD is able to use some measurements such as tool face, natural gamma rays, borehole pressure, directional survey, vibration, temperature, torque, and shock. Achieving optimal payload temperatures in down-hole environment at 230 • C needs a MWD cooling system that can pump a remarkable load and also a low thermal resistance path on the heat rejection (hot side). At this point, high temperature thermo-electric cooler (TEC) materials and assemblies should be employed for such an application environment with high pressure, high temperature, mechanical shock and vibration requirements. In order to obtain optimal operating conditions in the MWD, electronic-cooling components located in MWD housing are very important. This can be achieved thanks to A TEC is a solid-state cooling device that uses the Peltier effect over p-type and n-type semiconductor elements, unlike refrigerators, which are vapor-cycle based [3] . TECs are employed for converting the electrical energy into a temperature gradient. A TEC does not use any refrigerant or moving parts, which make these devices highly reliable and also require low maintenance. Furthermore, a TEC does not generate noise (both electrical and acoustical) and is known as ecologically clean. Considering its weight and size, a TEC is lightweight and also has a compact size. It is also important that TECs have high precision in controlling the temperature. On the other hand, another remarkable TEC feature that should be mentioned is that it has the capacity for use in cooling instruments (like a MWD) in the case of extreme physical conditions. TECs come in two types: single-stage or multi-stage. Figure 3 shows thermo-electric coolers of the single-stage and two-stage type, respectively. requirements. In order to obtain optimal operating conditions in the MWD, electronic-cooling components located in MWD housing are very important. This can be achieved thanks to thermo-electric cooling devices with thin-film forms. Figure 2 shows the position of a TEC in the thermal management system of MWD device. A TEC is a solid-state cooling device that uses the Peltier effect over p-type and n-type semiconductor elements, unlike refrigerators, which are vapor-cycle based [3] . TECs are employed for converting the electrical energy into a temperature gradient. A TEC does not use any refrigerant or moving parts, which make these devices highly reliable and also require low maintenance. Furthermore, a TEC does not generate noise (both electrical and acoustical) and is known as ecologically clean. Considering its weight and size, a TEC is lightweight and also has a compact size. It is also important that TECs have high precision in controlling the temperature. On the other hand, another remarkable TEC feature that should be mentioned is that it has the capacity for use in cooling instruments (like a MWD) in the case of extreme physical conditions. TECs come in two types: single-stage or multi-stage. Figure 3 shows thermo-electric coolers of the single-stage and two-stage type, respectively. A TEC is a solid-state cooling device that uses the Peltier effect over p-type and n-type semiconductor elements, unlike refrigerators, which are vapor-cycle based [3] . TECs are employed for converting the electrical energy into a temperature gradient. A TEC does not use any refrigerant or moving parts, which make these devices highly reliable and also require low maintenance. Furthermore, a TEC does not generate noise (both electrical and acoustical) and is known as ecologically clean. Considering its weight and size, a TEC is lightweight and also has a compact size. It is also important that TECs have high precision in controlling the temperature. On the other hand, another remarkable TEC feature that should be mentioned is that it has the capacity for use in cooling instruments (like a MWD) in the case of extreme physical conditions. TECs come in two types: single-stage or multi-stage. Figure 3 shows thermo-electric coolers of the single-stage and two-stage type, respectively. The single-stage TEC (STEC), which is commercially available and shown in Figure 3a can provide a temperature difference of about 60-70 °K at maximum in the case the hot side is at room temperature [3] , but when it is needed to have a large temperature difference in some applications, a STEC will not be able to do that. At this point, in order to solve this issue of TECs, an alternative type of TEC, called two-stage TEC (TTEC, shown in Figure 3b ) or a multi-stages TEC is employed [4] . For enhancing the transfer of heat and also general system performance, the thermo-electric module here works with two heat sinks located over both its hot and cold sides.
Generally, the application scope of TECs is limited by their ability to dissipate only a limited amount of heat flux and relatively low energy conversion efficiency. At this point, two parametersmaximum cooling rate and maximum coefficient of performance (COP)-have a great role on the focus point of the TEC. A TEC typically runs at about 5-10% of Carnot cycle COP while compressorbased refrigerators runs at more than 30% as default. Here, it could be good to use engineering design optimization for TECs, and metaheuristics, which are intelligent optimization techniques, can be used for that engineering design optimization [5] . Until now, Genetic Algorithm (GA) [6] and the extended version of GA which is Non-dominated Sorting Genetic Algorithm (NSGA-II) [7, 8] are two metaheuristic optimization techniques that were employed in optimizing the performance of both types of TEC. However, their behavior and search capability have not analyzed deeply or the performed researches with GA and NSGA-II have some disadvantages (these are explained in detail in Section 2.3 in the following pages).
Problem Statement
Use of a TEC as a cooling solution for instruments located in extreme environments (especially in thermal energy and gas drilling operations) is a very important application, but because of some drawbacks like relatively low energy conversion efficiency and the ability to dissipate only a limited amount of heat flux, the performance and efficiency of these devices can be affected negatively.
Considering the past literature, it is possible to indicate that performance evaluation of the meta-heuristic like GA and NSGA-II within TEC is limited and comes with poor analysis results, so, it is critical to perform more investigation and detailed analysis by using some defined criteria such as measuring the convergence speed, stability, reliability, robustness, computational efficiency.
In the past, some meta-heuristic techniques like Simulated Annealing (SA) [9] [10] [11] , and some other evolutionary algorithms (GA [6] , Differential Evolution (DE) [12] [13] [14] ) were used in their pure and hybridized forms to improve the effectiveness of the optimization process regarding TEC model, benefitting from a large number of variables (physical, as well as geometrical properties), and also obtain more performance in the objective problem. GA has been applied firstly to improve the benefits of TEC, but has difficulties in parameter selection. SA and DE have not been applied for TEC but has been proven with advantages when applied in optimizing thermal energy systems.
Objectives and Motivations of the Study
DE belongs to the same family as GA but has been claimed to have better performance than GA in many applications. SA has the capability to escape from local optima better than GA while trying to obtain global optimality (these advantages of DE and SA are discussed briefly with literature references in Sub-Section 2.4 in the following pages). Therefore, in this research, the objectives are: The single-stage TEC (STEC), which is commercially available and shown in Figure 3a can provide a temperature difference of about [60] [61] [62] [63] [64] [65] [66] [67] [68] [69] [70] • K at maximum in the case the hot side is at room temperature [3] , but when it is needed to have a large temperature difference in some applications, a STEC will not be able to do that. At this point, in order to solve this issue of TECs, an alternative type of TEC, called two-stage TEC (TTEC, shown in Figure 3b ) or a multi-stages TEC is employed [4] . For enhancing the transfer of heat and also general system performance, the thermo-electric module here works with two heat sinks located over both its hot and cold sides.
Generally, the application scope of TECs is limited by their ability to dissipate only a limited amount of heat flux and relatively low energy conversion efficiency. At this point, two parameters-maximum cooling rate and maximum coefficient of performance (COP)-have a great role on the focus point of the TEC. A TEC typically runs at about 5-10% of Carnot cycle COP while compressor-based refrigerators runs at more than 30% as default. Here, it could be good to use engineering design optimization for TECs, and metaheuristics, which are intelligent optimization techniques, can be used for that engineering design optimization [5] . Until now, Genetic Algorithm (GA) [6] and the extended version of GA which is Non-dominated Sorting Genetic Algorithm (NSGA-II) [7, 8] are two metaheuristic optimization techniques that were employed in optimizing the performance of both types of TEC. However, their behavior and search capability have not analyzed deeply or the performed researches with GA and NSGA-II have some disadvantages (these are explained in detail in Section 2.3 in the following pages).
Problem Statement
Objectives and Motivations of the Study
DE belongs to the same family as GA but has been claimed to have better performance than GA in many applications. SA has the capability to escape from local optima better than GA while
Background
This section reviews basic knowledge of TEC devices such as their structure and thermo-electric effects. The metaheuristic techniques are also reviewed, including three different techniques chosen according to their essential differences such as point-based, population-based and hybridizationoriented. Related works that have been applied in optimizing the performance of TECs, analysis and discussion along the line of the problem, the issues and challenges are also reviewed in this section.
Basic Structure and Operation Principle of TEC
A TEC is briefly formed by thermo-electric couples, which are n-type and also p-type semiconductor elements. Thermo-electric couples are connected in series electrically, in parallel thermally, and finally fixed by soldering, located between two ceramic plates. The latter form the hold and cold TEC sides [15] . A STEC module employs a pair of cold and warm sides, and one matrix of pellets. A TTEC or multi-stage module can be seen as a structure of two or more single stages, which are stacked on top of each other. As general, a TTEC or multi-stage module is constructed as a pyramidal type, each lower stage is bigger than the upper stage. In detail, once the top stage is employed for cooling, the lower stage needs greater cooling capacity to pump heat, which is dissipated from the upper stage [16] .
The thermo-electric effect can be described as the conversion of energy between electricity and heat. There are three types of thermo-electric effects that occur. These effects are called as Seebeck, Peltier, and Thomson, respectively [17] . These effects are found to be thermodynamically reversible and act in combination with irreversible effects such as Joule heating and thermal conduction.
Seebeck Effect: If A and B: two dissimilar semiconductors are joined at two points and the temperature difference ∆T is maintained between the two junctions, then an open-circuit potential difference ∆V will be developed. This is called the Seebeck effect. The equation is presented in Equation (1) defines the differential Seebeck coefficient α between two dissimilar conductors:
For small ∆T, a linear relation occurs. If the coefficient of Seebeck is known, the temperature difference can be measured through measuring Seebeck voltage. The sign regarding α AB is positive when the ∆V causes a current to flow in a clockwise direction as around the circuit. Peltier Effect: Peltier is briefly the principal effect concerned with thermo-electric refrigeration of heat pumping. At the time A and B: two different conductors are joined together and electric current flows through the one direction, heat will be generated or absorbed at the junction at a constant rate. The Peltier coefficient is determined based on Equation (2):
Q is known as Peltier heat or heat generation. The rate at which heat is absorbed is proportional to the current and associated with the nature of the two materials, which comprises the junction.
Comparing with the Seebeck effect, where heat flow induces an electric current, the Peltier effect is opposite, with an electric current induced a heating or cooling effect. These two 
Thomson Effect: As the last of the thermo-electric effects, the Thomson effect is associated with the rate of generation of reversible heat Q resulting from the passage of a current along a portion of a single conductor along which there is a ∆T. The Thomson effect is not of primary importance in thermo-electric device but it should not be neglected in detailed calculations.
Metaheuristic Optimization Algorithms
For a long time, metaheuristics have been known as effective and efficient approaches for many hard to solve optimization problems [18] . Briefly, a metaheuristic is an algorithm for solving optimization problems (especially hard ones) without being deeply adapted to the objective problem [19] . From a general perspective, almost all meta-heuristics employ the characteristic of being nature-inspired (based on some principles from physic, biology or ethnology) [20] . Typical categories of metaheuristic algorithms are shown in Figure 4 .
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For a long time, metaheuristics have been known as effective and efficient approaches for many hard to solve optimization problems [18] . Briefly, a metaheuristic is an algorithm for solving optimization problems (especially hard ones) without being deeply adapted to the objective problem [19] . From a general perspective, almost all meta-heuristics employ the characteristic of being natureinspired (based on some principles from physic, biology or ethnology) [20] . Typical categories of metaheuristic algorithms are shown in Figure 4 . There are three types of metaheuristics technique can be described as follows:

Point-based: Point-based methods focus on a single solution at the start and then moves away from it, drawing a trajectory within the search space [21] . Some algorithms like SA (Simulated Annealing), and TS (Tabu Search) are popular point-based metaheuristic techniques.  Population-based: Population-based methods focused on a set (or similarly called group) of solutions rather than just a single solution [22] . Some of the most popular population-based methods are GA (Genetic Algorithms), DE (Differential Evolution) and PSO (Particle Swarm Optimization).  Hybrid optimization: Hybrid optimization methods are one of the most interesting research trends nowadays. Hybridized algorithms are not just the combination of different point-based or population-based metaheuristics [23] . The combination can benefit from the advantages and strengths of each employed algorithm so as to improve algorithm performance, overcome the individual weaknesses and be more effective and efficient during problem-solving processes [24] .
It is important for a metaheuristic to have a balance between the exploration and exploitation in order to be successful in the objective optimization problem [25] . At this point, basic point-based metaheuristic techniques are more exploitation-oriented while the population-based ones are more exploration-oriented. Here, an exploration (diversification) process is necessary for detecting the related parts of the search space having high quality solutions. On the other hand, exploitation (intensification) is also necessary to direct the searching to some promising areas of the accumulated search experience [25] . Moving from that, it is possible to indicate that differences among existing metaheuristics is associated with the way, which they use to achieve this balance. There are three types of metaheuristics technique can be described as follows:
Point-based: Point-based methods focus on a single solution at the start and then moves away from it, drawing a trajectory within the search space [21] . Some algorithms like SA (Simulated Annealing), and TS (Tabu Search) are popular point-based metaheuristic techniques. Population-based: Population-based methods focused on a set (or similarly called group) of solutions rather than just a single solution [22] . Some of the most popular population-based methods are GA (Genetic Algorithms), DE (Differential Evolution) and PSO (Particle Swarm Optimization). Hybrid optimization: Hybrid optimization methods are one of the most interesting research trends nowadays. Hybridized algorithms are not just the combination of different point-based or population-based metaheuristics [23] . The combination can benefit from the advantages and strengths of each employed algorithm so as to improve algorithm performance, overcome the individual weaknesses and be more effective and efficient during problem-solving processes [24] .
It is important for a metaheuristic to have a balance between the exploration and exploitation in order to be successful in the objective optimization problem [25] . At this point, basic point-based metaheuristic techniques are more exploitation-oriented while the population-based ones are more exploration-oriented. Here, an exploration (diversification) process is necessary for detecting the related parts of the search space having high quality solutions. On the other hand, exploitation (intensification) is also necessary to direct the searching to some promising areas of the accumulated Energies 2017, 10, 1703 7 of 50 search experience [25] . Moving from that, it is possible to indicate that differences among existing metaheuristics is associated with the way, which they use to achieve this balance.
Literature Review
Here, the known disadvantages of TEC such as the poor COP and also low cooling rate are discussed. These factors can be updated (improved) separately or simultaneously. The parameters in the cooling rate and COP equations can be examined under three different categories: specifications, material properties, and design parameters [17] :
Operating temperature T c and T h , the needed output voltage V, current I, and power output P are known as the specifications. These are usually provided by customers according to requirements within a specific application. The material parameters are based on the status of current materials and the technologies regarding module fabrication. As a result of the effect of material properties on TEC performance, many research works were realized during the past ten years in order to find new materials and structures for use in a green system with highly efficient cooling and also energy conversion. With the highest value figure of merit (ZT), bismuth-telluride (Bi 2 Te 3 ) is among the best thermo-electric materials [26] . By doping or alloying some other elements in several fabrication processes, there has been a remarkable effort to raise the ZT of bulk materials based on Bi 2 Te 3 . At the end, it has been seen that the ZT value was not much more than one and seems insufficient to improve the cooling efficiency. That is because of the difficulty of increasing the electrical conductivity or Seeback coefficient without realizing a corresponding increase in the thermal conductivity [27] . The work by Poudel et al. describes recent advances in improving ZT values [28] . They have achieved a peak ZT of 1.4 at 100 • C suing a bismuth antimony telluride (BiSbTe) p-type nanocrystalline bulk alloy. This material is an alloy of Bi 2 Te 3 and generally obtained by hot pressing nanopowders, which are ball-milled from crystalline ingots. These materials are useful for microprocessor cooling applications because ZT is about 1.2 at room temperature and peaks at about 1.4 at 100 • C. Eventually, TEC design aims to determine a set of design parameters appropriate for the necessary specifications or effective on achieving the best performance at aminimum cost. Table 1 lists details regarding the optimization techniques used in the optimization of TECs. Table 1 . Details regarding optimization techniques used for the optimization of TEC.
Author Application Advantages and Disadvantages
Cheng [29] GA is applied to optimize the geometric design of STECs GA proves fast convergence speed and effective search, but GA parameter setting is not suggested or discussed.
Cheng [30] GA is applied to optimize the design parameter of TTECs GA was applied successfully to solve a heavier TTEC problem, but the robustness of GA when applied to for TTEC model is not very deterministic.
Huang [31] Applies a conjugate-gradient method to optimize the geometric design of STECs Effects regarding applied current and temperature on the optimum geometry are generally discussed. Performance analysis of the technique applied for STEC was not conducted. The base area of the studied STEC was small and not practical.
Nain [32] Uses NSGA-II to optimize the geometric design of STECs Multi-objective optimization is performed by optimizing cooling rate and COP simultaneously. Parameters of NSGA-II were chosen based on the authors' experience, but the obtained findings are not reliable because of the unstable performance of the algorithm.
Rao [33] Uses TLBO to optimize the design parameters of TTECs
Multi-objective optimization is performed. The performance of TLBO is evaluated and compared to GA, PSO by using some defined criteria, however, parameter selection for TLBO was not implemented.
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In single-objective optimization, Cheng et al. [29] were the first authors to use a metaheuristic which was GA to combine with a STEC model for finding optimal geometric designs. The geometric properties of semiconductor elements were accepted as the search variables and optimized simultaneously for reaching to the maximum cooling rate with also a few constraint conditions. Three case studies were performed under various applied current and various temperature differences ∆T to evaluate the effective search and create a better design data as compared to the designs available on the market. The GA algorithm was described and applied in the TEC model. However, there were many GA parameters such as total number of generations, crossover or mutation coefficient, etc. that needed to be defined. The authors did not suggest the parameters for the algorithm or describe a way to choose suitable values for every parameter. In another paper, these authors also employed the GA in order to maximize separately the cooling rate and COP but for a TTEC model [30] . In this research, two different types of TTEC which had different types of applied current were considered. Not the same as in geometric design of STECs, different types of TTEC design parameters were used as variables. They determined the current to the hot stage and cold stages of the TTEC, and the total number of semiconductor elements. Considering the effect of thermal resistance, the mathematical modeling of TTECs was heavier than for STECs [34] . The GA was applied successfully to solve the defined problems of TTECs, but the parameter selection of GA was not shown in this work. The authors claimed that GA had a robust behavior and effective search ability. However, the work is only based on the optimal design variables with respected maximum cooling rate and the comparison done is not enough to derive any ideas about the robustness of the algorithm.
Huang [31] introduced an optimization approach forming a complete multi-physics STEC model and a method of simplified conjugate-gradient, which is not a metaheuristic. Like in Cheng's work, the geometric properties of the STEC were optimized as search variables in order to achieve the maximum cooling rate considering many operating conditions of temperature difference and applied current. In detail, effects of applied current and temperature difference over the optimal geometry were generally discussed. The authorscame up with a new better design than the initial one by using a conjugate-gradient method. However, the performance analysis of this technique applied to a STEC model was not done and the combined optimization is seen effective only for aminiature TEC with a base area of 9 mm 2 , which is smaller than Cheng's 100 mm 2 design [29] and not practical.
For multi-objective optimization, Nain [32, 35] used an another version of GA which is Non-Dominated Sorting Genetic Algorithm II (NSGA-II) for solving the multi-objective optimization problems of STECs. The values of the geometric properties of a STEC were optimized to achieve Pareto-optimal solutions of cooling rate and COP values at different thermal resistance values. The benefits of obtaining the Pareto-frontier is the balance between cooling rate and COP, bringing benefits for the designer in choosing a suitable STEC design in practical application. However, the obtained findings are not reliable because there is a difference in the range of optimal design values between single-objective optimization and multi-objective optimization, caused by the instability of the algorithm. The parameters of the NSGA-II algorithm were chosen based on the authors' experience, but they did not explain the selection method.
For TTECs, Rao [33] used modified teaching-learning-based optimization (TLBO) in optimizing the design parameters of two types of TTEC, like in Cheng's work [30] . TLBO is inspired by a teacher's influence over learners' output in a class environment. TLBO was modified to increase its exploration and exploitation capacity. The modified TLBO was applied effectively to maximizing the cooling rate and COP of a TTEC simultaneously though having a heavy structure with twelve steps to finish a searching process. The determination of the total number of semiconductor elements as well as the supply current for both hot stage and cold stage were used as searching variables. This research has an improvement, namely that the ability of the TLBO and modified TLBO are compared to the GA and PSO approach by evaluating the convergence rate, the computational time and their obtained findings and by employing Sign and Wilcoxon statistical tests. However, parameter selection for TLBO and its modified version was not reported. The main importance parameters such as number of generations, population, teaching factor need to be indicated to clarify the selection of values used in optimizing TTEC.
Critical Analysis
In TEC, cooling rate is a main important value in considering the effectiveness of the TEC and is one main objective function in single-objective optimization or even multi-objective optimization. However, COP is also important and it's a condition that needs to be satisfied in single-objective optimization and an objective in multi-objective optimization. Design parameters are also effective in determining the performance of a TEC. The impact of each design parameter is discussed. A well-selected design parameter can yield a significant cooling rate with a corresponding high COP. From the literature review, for STECs, the main design parameters are length, total number, and cross-sectional area of the semiconductor elements. For TTECs, the design parameters are total number of semiconductor elements in both TTEC stages and the applied current on the hot stage and cold stages.
Among metaheuristic techniques, GA is known as a population-based method, which is able to solve a constrained optimization problem and find excellent local optimization values [29] . GA could be successful on a variety of optimization problems thanks to the fact it searches a larger solution space [23] , but it also needs determination of optimum controlling parameters like crossover rate and mutation rate, and also has a poor global search capability.
SA is known as a point-based metaheuristic. SA can escape from local optima [36] , and has both flexibility and ability to achieve global optimality. Furthermore, SA can be used within large problems regardless of the conditions of differentiability, continuity, and convexity, as normally required in especially conventional optimization methods [37] . SA can also be easily coded even in complex systems and employed effectively in highly nonlinear model having many constraints. SA is generally an easy-to-understand metaheuristic and it is possible to code it easier than GA [38] . SA is robust against changes in the objective function, but GA should have the fitness function, which sometimes causes problems. SA seems also more readily useful for analysis processes. It was figured out that GA is too sensitive to the choice of mutation probability and fitness function while SA is too robust with regards to the choice of cooling schedule [39] . Also, findings-results obtained via GA-were disappointing especially in larger problem types.
DE is in the same family with GA. DE is considerably fast and robust technique for solving numerical optimization problems and has the capability to find global optima solutions [12] . DE has a more compact structure than GA with a simple computer code and has less control parameters. DE employ only three parameters as input to control the searching process, which is less than SA and GA. DE is currently among the most popular metaheuristics for solving single-objective optimization problems within continuous search spaces [20] . DE is generally a simple, and powerful algorithm that can outperform GA in many numerical single-objective optimization problems [40] . DE is able to explore the decision space more efficiently than GA even when multiple objectives need to be optimized [41] . From that premise, it is possible to indicate that the DE can also get better results than GA in numerical multi-objective optimization problems. However, DE has slow convergence speed for computationally expensive functions. By varying the control parameters the convergence speed of DE may increase, but it does not affect the quality of optimal solution.
Therefore, TEC performance can be enhanced by applying SA and DE intelligent algorithms into its mathematical modelling. Moreover, in most of the research papers about optimization of TECs, the effectiveness shown by the algorithm is evaluated over a few criteria such as convergence curve analysis, or by making a comparison with the optimal findings obtained by an analytical method and other optimization technique, or computational efficiency is discussed. The evaluation of the behavior of the metaheuristic like SA, DE and hybrid optimization technique needs to be performed strategically and more comprehensively based on the recommended testing criteria.
Methodology
This section discusses the mathematical modeling of STECs and TTECs. Cooling rate and COP equations are shown with the impact of relevant parameters such as geometric properties and material properties. Then, the research phases show the steps of how this research is implemented. Optimization algorithms of SA, DE and hybrid techniques are also described with their parameter settings.
Mathematical Modelling of STECs
A TEC is operated as based on the Peltier effect. The TEC briefly runs like a solid-state cooling device, which can pump heat from one junction to the other junction when a DC current is applied [29] . Energy balance equations over the hot junction and the cold junction for TEC can be indicated as in Equations (4) and (5) . Q c is the cooling rate that will be absorbed from the cooled side of TEC, Q h is the heat rejection that will be released to the environment. The related equations point the completion between the Seebeck coefficient term associated with TEC cooling, and the parasitic effect regarding Joule heating and back heat conduction over the electrical resistance and thermal conductance terms, respectively. The heat flow αIT h and αIT c as by the Peltier effect, are absorbed at the cold junction and then released from the hot junction, respectively. Joule heating
is because of the flow of electrical current through the material is generated both inside of the TEC semiconductor couples and at the contact surfaces between the two substrates and the TEC semiconductor couples [29] . TEC is operated between T c and T h temperatures, so heat conduction κA(T h − T c ) occurs through the TEC semiconductor couples. The input electrical power P and COP are calculated via Equations (6) and (7):
where α, ρ r , κ are the material properties of a thermo-electric couple in the TEC. Every thermo-electric couple includes one n-type and one p-type semiconductor, which has their own material properties (α n , ρ n , κ n or α n , ρ n , κ n ). These are briefly the properties of thermo-electric materials. A, L and N are the cross-sectional area, length and total number of semiconductor elements, respectively. They are for the geometric properties regarding the TEC model. COP is a common metric, which is used for quantifying the heat engine effectiveness. Another important issue is to quantify the amount of heat that a TEC is able to transfer and the maximum differential across the TEC. COP is basically between 0.3 and 0.7 for a STEC.
As it can be seen from Equations (4)- (7), the main important values of TEC are impacted by three types of parameters. These are operating condition parameters, such as temperature difference ∆T and applied current I, geometric properties which are A, L, N and finally the material properties which are α, ρ r , κ.
Impact of operating conditions: For a TEC having a specific geometry, cooling rate and COP are all based on its operating conditions such as the temperature difference ∆T, and the applied current. Base on the work of Huang [31] , the authors claimed that by using a fixed ∆T, cooling rate and COP are increased firstly and decreased then as the supplied current is increased. For the same supplied current, the maximum cooling rate and maximum COP cannot always be reached simultaneously. Similarly, for the same operating conditions, as the TEC geometry is varied, cooling rate and COP both vary, but maybe cannot simultaneously reach their maximum values [42] . Impact of geometric properties: From the Equations (4) and (5), the maximum cooling rate increases with the decrease of semiconductor length until it reaches a maximum and then decreases with a further reduction of the thermo-element length [31] . The COP increases following the increase in thermo-element length. As the COP increases with the semiconductor area, the cooling rate may decrease. That is because of the limited total available volume. When the semiconductor area is reduced, the cooling rate generally increases. A smaller semiconductor area and a greater number of them results in a greater cooling capacity. At the time when the semiconductor length is below this related lower bound, the cooling capacity declines enormously [43] . Like the contact resistance, other elements have an effect on the performance of the TEC, but it's very small so it can be neglected in some calculation. Impact of material properties: TEC performance is highly based on the thermo-electric materials used [31] . Here, a good thermo-electric material should come with a large Seebeck coefficient for getting low electrical resistance in order to minimize Joule heating [44] , low thermal conductivity for reducing the conduction from the hot side and back to the cold side, and finally the greatest possible temperature difference per given amount of electrical potential (voltage). Pure metalshavea low Seebeck coefficient and that causes low thermal conductivity while in insulators electrical resistivity is low, which causes higher Joule heating. The performance evaluation index of thermo-electric materials is the figure of merit (Z) or dimensionless figure of merit (ZT = α 2 T/ρκ) combining the properties above. The increase in Z or ZT causes improvement in the cooling efficiency of Peltier modules. At this point, material properties are considered to be associated with the average temperature of the cold side and hot side temperatures of each stage. Values of them can be calculated via Equations (8)- (10) as follows [29] :
Mathematical Modelling of TTECs
For TTECs, there are three types which has three typical approaches for supplying the electric current to each stage as in series, in parallel, and also separated [30] . When a STEC cannot work in the temperature difference required for the objective application, multi-stage configurations can be employed for extending the temperature difference [15] . In this research, mathematical modelling of TTECs is presented as in Equations (11)- (14):
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In the equations, Q c,c is the cooling capacity associated with the cold side over the colder stage. Q c,h is the released heat rate associated with the hot side over the colder stage. Q h,c is the cooling capacity associated with the cold side over the hotter stage, and finally Q h,h is the release heat rate associated with the hot side over the hotter stage. N t is for total number of semiconductor elements, which was put inside TTEC. r is the value of the ratio between the number of semiconductor elements of the hot stage and the number of semiconductor elements of the cold stage. I c and I h are the currents applied to the colder stage and also hotter stage, respectively. T c,c and T c,h are for the cold and hot side temperatures regarding the colder stage. T h,c and T h,h are for the cold and hot side temperatures regarding the hotter stage. α h , R h , K h are respectively the Seebeck coefficient, electrical resistance, and thermal conductance of the colder stage, while α c , R c , K c are the same variables for the hotter stage this time. Thermo-electric material properties regarding each stage (i) can be expressed in Equations (15)- (17) as follows:
Moving from the equations, p and n are for the properties of p-type and n-type semiconductor. ρ, κ are respectively the electrical resistivity, and thermal conductivity of the material. On the other hand, G is the structure parameter of thermocouples expressing the ratio of cross-sectional area to the length of the thermoelectric modules. The material properties are based on the average temperature T i,ave of the cold side temperatures of each stage and values regarding them are calculated via Equations (18)- (20) (i = c and h) [33] :
Equation (21) is for the COP of TTEC. Same as STEC, COP is the ratio between the cooling capacity of the cold side and the electrical power consumption P. An important issue here is to quantify the amount of heat which a TEC can transfer, and also the maximum differential across the TEC.
Effect of Thermal Resistance on the Performance of TTECs
Constriction and spreading resistance exist at the times that heat flows from one region to another with a different cross-sectional area. Here, the concept of constriction describes the situation where heat flows into a narrower region. On the other hand, the spreading resistance is for the case where heat flows out of a narrow region into a larger cross sectional area [45] . The total thermal resistance RS t that exists between the interfaces of the TTEC is taken into consideration in this result and is given in Equation (21), where RS cont and RS sprd are contact thermal resistance and spreading thermal resistance between the interfaces of two single stages of a TTEC, respectively. Based on the works [33, 45] , the RS cont and RS sprd are calculated in Equations (22)- (24):
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In Equation (23), RS j is the joint resistance at the interface of two single stages of a TTEC, factor 2a corresponds to the linear relation between the cross-sectional area of the substrate and the thermo-element modules. In Equation (24), k h,s is the thermal conductivity of the substrate of the hot stage and rad c,s is the equilibrium radius of the substrates of the cold stage. A detailed explanation related to rad c,s is available in [45] . From there, the calculation can be expressed in Equation (25) as follows:
The dimensionless value ψ max of the Equation (24) is given in Equation (26) . ε, τ and φ are briefly dimensionless parameters calculated via Equations (26)- (28) . S h,s is for substrate thickness of the hot stage and rad h,s is for the equilibrium radius of the substrate of the hot stage respectively. Biot number is represented with Bi and for isothermal cold side of the hot stage, its value is infinity (Bi = ∞). The dimensionless parameter λ and rad h,s of Equations (30) and (31) are given by [30] :
The cold side of the hot stage and the hot side of the cold stage are at the interface so Q h,c = Q c,h , but because of the thermal resistance at the interface, the temperatures are not same at the both sides. The relation regarding both these temperatures is expressed in Equation (32) [30] :
Since Q h,c = Q c,h , we can obtain the Equation (33) as follows:
After replacing T h,c by including Equation (32) within the Equation (33), the hot side temperature of the colder stage can be calculated by using Equation (34):
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Methodology and Materials in the Study
The research work here has been planned within three different phases: the platform development phase, the intelligent testing strategy phase and the evaluation of performance and cost phase. In the first, initial stage ( Figure 5 ), all physical and geometrical properties of TEC are modelled. MATLAB is an integrated platform which takes into account all the parameters, constraints and objective functions. The optimization strategies are then chosen to develop for testing as based on its characteristics (non-linear, multi-variate, single-objective optimization or multi-objective optimization problem with equality and/or inequality constraint). In the second phase ( Figure 6 ), appropriate strategies such as meta-heuristics like SA, DE are tested for the single-objective optimization problem and compared with GA. After evaluating their performance, the use of hybrid optimization strategies can be suggested. Comparative studies are then performed and the distinguishing features of each strategy with respect to the other strategies are identified. Finally, in the third phase (Figure 7 ), the best optimization method is identified. The findings after applying SA, DE and the suggested hybrid technique to STEC and TTEC model are obtained and evaluated. Multi-objective optimization is applied to take into consideration both objective functions to create Pareto frontier. Lastly, an optimal TEC design which is cost effective is proposed. 
Optimization Parameters
As it was stated before in the literature review, the TEC design aims to determine a set of parameters of design yielding maximum cooling rate and/or maximum COP and meet the needed specifications at minimum cost. Based on previous works, the main parameters are examined under four groups in order to optimize the design of STEC or TTEC as follows:

Group 1-Objective functions: the objective function is maximum cooling rate and/or COP. For STEC, the equations of cooling rate and COP were presented before in Equation (4) and Equation (7), respectively. For TTEC, the equations of cooling rate and COP were presented before in Equation (11) and Equation (21). These objectives can be optimized individually or simultaneously based In the second phase ( Figure 6 ), appropriate strategies such as meta-heuristics like SA, DE are tested for the single-objective optimization problem and compared with GA. After evaluating their performance, the use of hybrid optimization strategies can be suggested. Comparative studies are then performed and the distinguishing features of each strategy with respect to the other strategies are identified. In the second phase ( Figure 6 ), appropriate strategies such as meta-heuristics like SA, DE are tested for the single-objective optimization problem and compared with GA. After evaluating their performance, the use of hybrid optimization strategies can be suggested. Comparative studies are then performed and the distinguishing features of each strategy with respect to the other strategies are identified. Finally, in the third phase (Figure 7 ), the best optimization method is identified. The findings after applying SA, DE and the suggested hybrid technique to STEC and TTEC model are obtained and evaluated. Multi-objective optimization is applied to take into consideration both objective functions to create Pareto frontier. Lastly, an optimal TEC design which is cost effective is proposed. 
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 Group 1-Objective functions: the objective function is maximum cooling rate and/or COP. For STEC, the equations of cooling rate and COP were presented before in Equation (4) and Equation (7), respectively. For TTEC, the equations of cooling rate and COP were presented before in Equation (11) and Equation (21). These objectives can be optimized individually or simultaneously based Finally, in the third phase ( Figure 7 ), the best optimization method is identified. The findings after applying SA, DE and the suggested hybrid technique to STEC and TTEC model are obtained and evaluated. Multi-objective optimization is applied to take into consideration both objective functions to create Pareto frontier. Lastly, an optimal TEC design which is cost effective is proposed. In the second phase ( Figure 6 ), appropriate strategies such as meta-heuristics like SA, DE are tested for the single-objective optimization problem and compared with GA. After evaluating their performance, the use of hybrid optimization strategies can be suggested. Comparative studies are then performed and the distinguishing features of each strategy with respect to the other strategies are identified. Finally, in the third phase (Figure 7 ), the best optimization method is identified. The findings after applying SA, DE and the suggested hybrid technique to STEC and TTEC model are obtained and evaluated. Multi-objective optimization is applied to take into consideration both objective functions to create Pareto frontier. Lastly, an optimal TEC design which is cost effective is proposed. 
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Group 1-Objective functions: the objective function is maximum cooling rate and/or COP. For STEC, the equations of cooling rate and COP were presented before in Equation (4) and Equation (7), respectively. For TTEC, the equations of cooling rate and COP were presented before in Equation (11) and Equation (21) . These objectives can be optimized individually or simultaneously based on single-objective optimization or multi-objective optimization approach. Group 2-Variables: For STECs, the design parameters are: length of the semiconductor element (L), cross-sectional area of semiconductor element (A), and number of semiconductor elements (N). For TTECs, the design parameters are: supplied current to hot stage (I h ) and cold stage (I c ) of TTEC, and ratio number of semiconductor elements (r) between the hot stage and cold stage TTEC. Group 3-Fixed parameters: For STECs, some fixed parameters need to be determined as follows: total volume in which STEC can be placed which is determined by the total cross-sectional area (S) and its height (H) and operating conditions such as applied current I and required temperature at hot side T h and cold side T c of STEC. Then, the material properties are calculated based on Equations (18)- (20) . For TTECs, fixed parameters are as follows: total number of semiconductor elements (N t ) in both stages of the TTEC, and operating condition of the system such as required temperature at hot side of the hot stage T h,h and cold side of the cold stage T c,c of the TTEC. Group 4-Constraints: For both types of TEC, the constraints can be: boundary constraints over the design variables, and the requirement of satisfying a required value of COP (COP > COP min ) and a limited value of the manufacturing cost (cost < cost max ).
Single-Objective and Multi-Objective Optimization
Generally speaking, here a constrained problem need to be handled. In this case, for the purpose of ease of formulation and implemention, the penalty function approach needs to be employed for converting the constrained problem into an unconstrained one, for modifying the infeasible searching space [46] . Hence, for the problem of single-objective optimization, the objective function is presented in Equation (35):
where F is an objective function value which includes two parts. First is the objective function cooling rate or COP, second is the penalty function which contains the constraint violation f i,constraint and the coefficient of violation β. β is determined by the user and is normally set as a large value (e.g., 10 15 ). Objective functions regarding cooling rate and COP are in Equations (4) and Equation (7) for STECs, and Equations (11) and (21) for TTECs. During the search, f i,constraint will equal to 1 if the search variables do not satisfy one of the constraints, making the F function become infinity. If all the constraints are satisfied, all f i,constraint is equal to 0 and Maximize F = maximize (cooling rate or COP), validating the search variables. Multi-objective optimization is briefly to find a vector of decision variables while maximizing or minimizing several objectives simultaneously, with given constraint conditions [47] . In a typical multi-objective optimization, evaluating the performance is more complex than evaluation of a single-objective optimization problem. That is because the optimization objective itself includes multiple objectives. In multi-objective optimization, there is no solution that is the best with respect to all objectives but there are equally good ones [48] , which are known as Pareto optimal solutions. Because of the uncoordination of the target vectors and existence of constraints, solving a multi-objective programming model is difficult. A dimensionless or dimensionally unified process should be followed for the multi-objective problems in which the dimension is not uniform. In this research, two main objective functions of TEC model are the cooling rate in Watts and COP with Energies 2017, 10, 1703 16 of 50 dimensionless units. They need to be optimized simultaneously by combining them into one objective function with the same dimensionless nature. The weighted sum method or scalarization method is used to solve a multi-objective optimization problem by combing its multiple objectives into one single-objective scalar function [49] . As it can be seen from Equations (36) and (37) , the weighted sum method is realized by multiplying each objective function by a weighting factor and summing up all the weighted objective functions:
w 1 and w 2 in the equations are weighting factors for each objective function. The Pareto front is obtained by changing the w 1 and w 2 systemically to create different optimal solutions, respectively. If the weight factor is strictly greater than 0, then the minimizer is a strict Pareto optimum, while in the case of at least one weight factor is equal to 0, it is a weak Pareto optimum. In a multi-objective optimization, the image of all optimal solutions, is called Pareto front. The structure of the Pareto front indicates the nature of the tradeoff between different objective functions [49] . The Pareto-front contains the Pareto optimal set of solutions is such that when going from any point to another in the set, at least one objective function develops and at least one other worsen [48] . With the Pareto-front, the objective function space is divided into two parts. One of these parts contains non-optimal solutions and the other one contains infeasible solutions. In a nonlinear multi-objective optimization, determining the whole continuous Pareto-optimal surface is impossible in a practical manner, but detecting a discrete set of Pareto-optimal points approximating the true Pareto-front is accepted as a realistic expectation [20] . Considering the optimization approach explained so far, the metaheuristic techniques-algorithms employed in this study-can be explained briefly as follows:
Differential Evolution Algorithm
As introduced by Price and Storn, DE is one of the popular evolutionary metaheuristic algorithms like GA and PSO. DE was divided in ten different strategies, a strategy that works out to be the best for a given problem may not work well when applied for a different problem [48] . DE has been widely employed for solving problems with the features of having many local minima or constraints, being multi-dimensional, nonlinear, flat, non-differentiable and non-continuous. The optimization search of DE proceeds over three operators, which are selection, crossover, and mutation [50] . At the first stage, a population of candidate solutions for the optimization task to be solved is randomly initialized [20] . One target vector X Pri i is randomly selected in the population. For every generation of the evolution process, new individuals are produced by applying reproduction operators: crossover, and mutation. In mutation process, the mutant vector V i is generated by combining three randomly selected vectors X aux 1 , X aux x , X aux 3 from the population vector excluding target vector X Pri i as in Equation (38):
F is the mutation amplification factor, which is a positive real number controlling the rate at which the population evolves. In a crossover process, DE performs uniform crossovers between target vector X Pri i and mutant vector V i to create trial vector X child i , as in Equation (39) . The crossover probability, CR which is used for controlling the fraction parameter values that was copied from the mutant vector must be specified within the range of [0, 1]. For determining which source contributes a given vector, uniform crossover compares CR to the output of rand (0, 1): a uniform random number generator.
If the random number generated is equal to or less than CR, the trial vector is inherited from the mutant vector. In other cases, the vector is copied from the target vector:
Finally, the fitness of the resulting solutions is evaluated in the selection process and the target vector of the population competes against a trial vector to determine which one will be retained in the next generation, as shown in Equation (40) . The operation procedure of DE is similar to that of GA but has a small difference with GA in the mutation period.
The flowchart of the DE algorithm is represented in Figure 8 : Parameter selection of DE is shown in Table 2 , using deterministic rules. DE selection strategy-DE/rand/1/bin. Scaling factor F is based on the experience of Price and Storn, DE is sensitive to the choice of scaling factor F. The bigger value of F the higher exploration the capability of DE is [51] . A good initial guess is to choose F within the range of [0.5, 1], for example F = 0.85 can be an effective initial choice [12] . It is expressed that the value of F greater than 1 or smaller than 0.4 is occasionally effective. Crossover probability CR, a bigger CR can improve the convergence speed of the algorithm but a smaller CR can make the exploitation capability becomes higher [51] . CR value is chosen from the range of Table 2 , using deterministic rules. DE selection strategy-DE/rand/1/bin. Scaling factor F is based on the experience of Price and Storn, DE is sensitive to the choice of scaling factor F. The bigger value of F the higher exploration the capability of DE is [51] . A good initial guess is to choose F within the range of [0.5, 1], for example F = 0.85 can be an effective initial choice [12] . It is expressed that the value of F greater than 1 or smaller than 0.4 is occasionally effective. Crossover probability CR, a bigger CR can improve the convergence speed of the algorithm but a smaller CR can make the exploitation capability becomes higher [51] . CR value is chosen from the range of [0, 1] to help maintain the diversity of the population but should be close to 1 for most as [0.9, 1] [12] . When CR = 1, the number of trial solution will be reduced and may lead to stagnation. Only separable problems do better with CR values close to 0 like [0, 0.2] [50] . Number of population P-is also not very critical. An initial guess (10 × D) is a good choice to obtain global optimum [51] . D stands for number of variables. According to the difficulty of the objective problem, the number of population P can be lower than (10 × D) or higher than it to achieve convergence such as 5 [12] be consistent with symbols. In the stopping case, the algorithm will stop if total number of function evaluations is above its maximum value i max = 300.
Simulated Annealing Optimization Algorithm
Simulated Annealing (SA) is an algorithm (technique) that can be used for bound-constrained and unconstrained optimization problems [52] . SA is inspired by the physical process of heating a material and then slowly lowering the temperature to decrease defects, by minimizing the system energy in this way [52] . At this point, considered objective function of the problem similar to the energy of a material is then minimized, by introducing a fictitious temperature, as a parameter of the SA [52] .
In each iteration of the SA, a new point of x k+1 is generated randomly within the boundary constraint based on the current point x k . Distance between the new point and the current point (or the extent of the search) is associated with a probability distribution over a scale, which is proportional to the temperature. Here, SA accepts all new points lowering the objective based on Equation (41), but also, with a certain probability, points that raise the objective, based on Metropolis calculation as in Equation (42), where T n is the current annealing temperature and k B is Boltzmann annealing. SA avoids being trapped in local minima by accepting points that raise the objective, and in this way, it can also explore globally for more possible solutions. An annealing schedule is selected for decreasing the temperature systematically during the execution of SA steps. SA reduces the extent of its search to converge to a minimum while the temperature is decreasing.
The flow-chart of SA algorithm is represented in Figure 9 . Table 3 presents the parameter selection of SA algorithm briefly. for decreasing the temperature systematically during the execution of SA steps. SA reduces the extent of its search to converge to a minimum while the temperature is decreasing.
The flow-chart of SA algorithm is represented in Figure 9 . In this study, SA was employed by adjusting its parameters in order to find the optimal design of a TEC. It is widely known that setting good values for the algorithm parameters is extremely important because the whole optimization process depends on that. In this context, the SA parameter settings of are provided in Table 3 . The probability of accepting a worse solution of at least 80% of the initial temperature T o = 100, should be high enough in the first iteration of the algorithm. The temperature is the control parameter in SA as it is decreased gradually while the algorithm steps proceed [53] . Temperature reduction value α = 0.95, temperature decrease function is T n = αT n−1 , experimentation was realized with different α value: 0.70, 0.75, 0.85, 0.90 and 0.95 [54] . Boltzmann annealing k B = 1, k B will be employed in the Metropolis algorithm for calculating the acceptance probability of the points [55] . Maximum number of runs run max = 250 determine the length of each temperature level T. acc max = 125 determines maximum number of acceptance a new solution pount and rej max = 125 determines maximum number of rejection a new solution point (run max = acc max + rej max ) [54] . Stopping criteria determines when the algorithm has reached to the objective energy level. The desired or final stopping temperature is T final = 10 −10 .
Hybrid Techniques Such as HSAGA and HSADE
Hybrid techniques involve the integration of various metaheuristic algorithms to take their advantages and eliminate their weaknesses to be efficient in finding good solutions [22] . In this study, together with the SA and DE applications, a hybrid technique which is SA combined with GA (HSAGA) is investigated and used to obtain the Pareto optimal point of cooling rate and COP. However, this technique is recommended based on first considering the performance of standalone SA and GA. If they cannot perform well in finding the optimal result of TEC, then a hybrid solution is suggested to be tested and analyzed.
The optimization search of HSAGA consists of two main parts: the first is SA process and the second is a GA process. In MATLAB, the GA algorithm is integrated in an optimization toolbox with fully added parameter settings. Therefore, HSAGA is developed by programming SA and combined with the GA toolbox which is more convenient and easier to code and use its advantages to achieve the highest performance. Firstly, the SA search process is performed until the optimal solutionis obtained. The optimal solution of the SA algorithm then becomes a member in the initial population of GA. The GA search starts to perform its process with three operators: selection, crossover, and mutation. The selection process determines how the individuals are selected for mating, according to their fitness score. The crossover process specifies how the GA combines two individuals to produce a child from crossover, for the next generation. The mutation process specifies how the GA achieves random changes in the individuals within the population for producing mutated children.
HSADE is the combination between SA and DE. SA is implemented first, then the obtained findings from SA is taken into the initial population of DE for selection of the best fitness.
The flow-chart of HSAGA, and HSAGE algorithms-techniques are represented in Figures 10 and 11 , respectively. HSAGA and HSADE are the combination between stand-alone techniques. Therefore, their parameters are the same. Parameter setting of SA and DE are referred in Tables 2 and 3 . In addition, parameter setting for GA is listed in Table 4 . From Table 4 , it can be understood that the population size, and also maximum number of generations should be set. Here, the generation affects the maximum number of iterations that will be completed by the GA. On the other hand, the population is for determining how many individuals will take place in each generation. It is possible to express that an increase in the population size will increase also accuracy of GA [53] (for finding the global optimum) but it will also cause it to run slowly. At this point, a population size of 100 for 10,000 generations is used generally. Also, selection, crossover, and the mutation operators are used over probabilities in order to get a new set of solutions randomly. For the selection process, there are several options like stochastic uniform, uniform or roulette, tournament, to run for selection. The tournament selection used here chooses each parent by employing four players randomly and then choosing the best individual among them as a parent. The crossover process is done with the arithmetic crossover with fraction 0.6, for producing children, who are weight arithmetic mean of two parents [56] so that the produced children are feasible always with respect linear constraints and bounds. Mutation adaptive feasible is used for the mutation process as satisfying the constraints. At the end, the stopping criteria is set as 300, which is the maximum number of iterations.
Tests for Evaluating the Algorithms
When a new optimization technique is presented to apply in a specific problem to get the results, at the first its performance should be evaluated and be reported scientifically to see the effectiveness. Table 5 lists the test types with respect to its objective to evaluate the performance of SA, DE and hybrid technique. The testing experiment needs to be implemented by following the pioneers who provided high quality reports regarding computational experiments realized via mathematical programming software. Based on Richard and also some other recent works, some criteria were recommended [51, [57] [58] [59] [60] [61] to evaluate the effectiveness of optimization techniques as follows:
Fast-the optimization technique has the capability to produce high-quality solutions quicker than other optimization approaches. Simple-the algorithm code is easy to implement with less parameter setting than other optimization approaches. Accurate-the optimization technique is able to identify higher quality solutions than other optimization approaches. High impact-the optimization technique can solve a new or important-remarkable problem more accurately and faster than other approaches. Robustness-the optimization technique is less sensitive to differences taking place in the problem features, tuning parameters, and data quality, according to other approaches.
Experiments in a computational manner are usually undertaken with the algorithm for comparing the performance provided by different algorithms against the same problems. Therefore, computational experimentation considering the performance of SA and DE when applying in TEC model is necessary to demonstrate that they can provide a good performance, GA which was used to apply in TEC model is used in this research to make the comparison. For the parameters of a Single-stage Thermo-electric cooler (STEC) we refer to Cheng's work [29] . In this context, Table 6 lists the parameters of the STEC. Single objective optimization which considers Q c as an objective function in this test. T h and T c were both set as 323 • K, hence the temperature difference between the hot and cold side of the STEC is 0 • K. ∆T = 0 • K is not practical for our refrigeration aim but it can get the maximum Q c for cooling aim for the same applied current and TEC geometry [31] . Based on that, the average temperature between hot stage and code stage T ave is 323 • K, and the material features of the STEC are then calculated via Equations (18)- (20) . STEC is located in a confined volume over a total area of S = 100 mm 2 and a height of H = 1 mm. The maximum cost of the material is $385. COP requirement can be ignored to be able to determine the global maximum Q c or can be consider as a satisfied condition in practical design [31] . Design variables are x = (L, A, N) and are put in a boundary constraint (L min -L max , A min -A max , N min -N max ). L min is based on the technological limitations in manufacturing TEC semiconductor elements which is 0.3 mm, L max = H = 1 mm. A min is also constrained because of the technological limitation of semiconductor elements, which is L 2 min = 0.09 mm 2 , and A max = S = 100 mm 2 . N depends on the area of a single semiconductor element, hence, with a defined total area of STEC S = 100 mm 2 , N min = 1 and N max = S/A min = 1111 (unit). The effect of resistance (electrical) on junctions r c is taken into account with the value of 10 −8 Ωm 2 .
On the other hand, the parameter settings of the Two-stage Thermo-Electric Cooler (TTEC) are taken from Cheng's work [30] . Table 7 presents the parameter selection regarding the TTEC. 
A first type TTEC with electrically connected in series (I h = I c ) is used for single objective optimization which consider Q c,c as an objective function in this test. The TTEC is used to produce a temperature T c,c = 210 • K when the hot stage is maintained at T h,h = 300 • K. The design variables are x = (I c , I h , r) and are put in a boundary constraint (I cmin -I cmax , I hmin -I hmax , r min -r max ). Value settings for this boundary constraint are referred from [33] . The total number of semiconductor elements of TTEC is N t = 100 units and the ratio for cross sectional area to the length of semiconductor element is G = 0.0018 m.
In this part, five case studies are done to test the performance of SA and DE optimization technique with the test types presented in the Table 4 . These test cases are as follows:
Test case-1: The STEC model is optimized under the constraints of total limited area S = 100 mm 2 and maximum cost of material $385. The parameter setting follows Table 6 but the requirement of COP is ignored. Test case-2: The STEC model is optimized under the requirement of satisfying the condition that the COP is equal to 1. The purpose is to test the capability of solving non-linear equality constraint problem of both algorithms. Test case-3: The STEC model is optimized under all the constraints in test cases 1 and 2. The capability of handling both inequality and equality constraints is tested to see which algorithm performs slightly better. The parameter setting follows Table 6 . Test case-4: The TTEC model is optimized with considering Q c,c as objective function under boundary constraint conditions, not too complicated as compared to the above test cases. The parameter setting follows Table 7 . Test case-5: The TTEC model is optimized with considering COP as objective function. The parameter setting follows Table 7 .
Applications-Tests
Based on the condition setting for TEC and parameter setting for the algorithm SA, DE and hybridized technique, this section presents the comparison between the algorithms based on the obtained value of the objective function. The best algorithm is evaluated from the analytical result and choose for multi-objective optimization.
Convergence Speed Test
Obtained findings within the convergence speed tests can be expressed briefly as follows by considering also graphical outputs from the related applications-tests. 4.1.1. Test Case-1 Figure 12 represents the convergence curves of the maximum cooling rate, the optimal design parameter (A, L, N) using the SA algorithm. The points with black color are the accepted optimal solutions within the search process. The optimal maximum cooling rate is 7.420 (W). Optimal design parameters (A, L, N) 1 = (0.349 mm 2 , 0.3 mm, 217 units). The obtained result satisfies all constraints (A 1 N 1 = 75 mm 2 < S = 100 mm 2 , cost of material = $381.15 < cost max = $385). The SA algorithm converged after 80,000 iterations. Computational time of the algorithm until it meets the stopping condition is more than 30 s. Figure 13 shows the convergence of DE. DE produces the same optimal result as the SA approach.
The optimal maximum cooling rate is 7.421 (W). Optimal design parameters (A, L, N) 2 = (0.348 mm 2 , 0.3 mm, 218 units). The obtained result satisfies all constraints (A 2 N 2~7 6 mm 2 < S = 100 mm 2 , cost of material~cost max = $385). The DE algorithm converges promptly after 45 iterations. Computational time until it meets the stopping condition is 7.5 s. It can be seen clearly that DE performs faster than SA in the same TEC system setting. From the search processes of both algorithms, the maximum cooling rate increases until it meets optimal value, meanwhile the length of semiconductor element L decreases to the lower bound of the boundary constraint. This phenomenon matches Huang's research [31] . As it can be seen in Equation (4) provided before that with the same operating condition (I = 1 A, T h = T c = 300 • K (∆T = 0)), a small length of semiconductor element makes the Joule heating weak by leading to a large cooling rate. 
Obtained findings within the convergence speed tests can be expressed briefly as follows by considering also graphical outputs from the related applications-tests. Figure 12 represents the convergence curves of the maximum cooling rate, the optimal design parameter (A, L, N) using the SA algorithm. The points with black color are the accepted optimal solutions within the search process. The optimal maximum cooling rate is 7.420 (W). Optimal design parameters (A, L, N)1 = (0.349 mm 2 , 0.3 mm, 217 units). The obtained result satisfies all constraints (A1N1 = 75 mm 2 < S = 100 mm 2 , cost of material = $381.15 < costmax = $385). The SA algorithm converged after 80,000 iterations. Computational time of the algorithm until it meets the stopping condition is more than 30 s. Figure 13 shows the convergence of DE. DE produces the same optimal result as the SA approach. The optimal maximum cooling rate is 7.421 (W). Optimal design parameters (A, L, N)2 = (0.348 mm 2 , 0.3 mm, 218 units). The obtained result satisfies all constraints (A2N2 ~ 76 mm 2 < S = 100 mm 2 , cost of material ~ costmax = $385). The DE algorithm converges promptly after 45 iterations. Computational time until it meets the stopping condition is 7.5 s. It can be seen clearly that DE performs faster than SA in the same TEC system setting. From the search processes of both algorithms, the maximum cooling rate increases until it meets optimal value, meanwhile the length of semiconductor element L decreases to the lower bound of the boundary constraint. This phenomenon matches Huang's research [31] . As it can be seen in Equation (4) provided before that with the same operating condition (I = 1 A, Th = Tc = 300 °K (ΔT = 0)), a small length of semiconductor element makes the Joule heating weak by leading to a large cooling rate. Figure 14 shows the 3D search of optimal points of design parameters (A, L, N), the points with black color are the accepted optimal solutions within the search process, and the convergence area of the algorithm is pointed out. As it can be understood that both algorithms produce the same optimal findings, hence, they converge at the same position on the graph. The search area of SA which is inside the boundary is fairly wide and the search area of DE is narrower than the SA's one. An explanation for that result is as follows: in first stages, the annealing temperature T is still high which leads to a high probability of accepting the neighbor points that have worse fitness values. 
Test Case-1

Test Case-2
This test doesn't consider the limitation of the total area and cost of material, just the boundary constraint. Therefore, it's useful to check how big the cooling rate that can be achieved with a required COP in a defined system condition. SA get trapped in a local optimum when trying to find an optimal value of the maximum cooling rate which satisfies the condition of COP = 1. As it can be seen in Figure 13 . Test case 1-Optimal Q c of STEC under two nonlinear inequality constraints using DE. Figure 14 shows the 3D search of optimal points of design parameters (A, L, N), the points with black color are the accepted optimal solutions within the search process, and the convergence area of the algorithm is pointed out. As it can be understood that both algorithms produce the same optimal findings, hence, they converge at the same position on the graph. The search area of SA which is inside the boundary is fairly wide and the search area of DE is narrower than the SA's one. An explanation for that result is as follows: in first stages, the annealing temperature T is still high which leads to a high probability of accepting the neighbor points that have worse fitness values. Many new points are created with better or even worse fitness value. For DE, only individuals with better fitness values can be selected as the optimal values. Figure 14 shows the 3D search of optimal points of design parameters (A, L, N), the points with black color are the accepted optimal solutions within the search process, and the convergence area of the algorithm is pointed out. As it can be understood that both algorithms produce the same optimal findings, hence, they converge at the same position on the graph. The search area of SA which is inside the boundary is fairly wide and the search area of DE is narrower than the SA's one. An explanation for that result is as follows: in first stages, the annealing temperature T is still high which leads to a high probability of accepting the neighbor points that have worse fitness values. 
This test doesn't consider the limitation of the total area and cost of material, just the boundary constraint. Therefore, it's useful to check how big the cooling rate that can be achieved with a required COP in a defined system condition. SA get trapped in a local optimum when trying to find an optimal value of the maximum cooling rate which satisfies the condition of COP = 1. As it can be seen in 
This test doesn't consider the limitation of the total area and cost of material, just the boundary constraint. Therefore, it's useful to check how big the cooling rate that can be achieved with a required COP in a defined system condition. SA get trapped in a local optimum when trying to find an optimal value of the maximum cooling rate which satisfies the condition of COP = 1. As it can be seen in Figure 15 , the optimal maximum cooling rate obtained at negative value. Obtained optimal design parameters (A, L, N) of STEC is not valid. There are a few points of the search area of the design parameters, they reflect the weak escape capability from local optima of SA.
Energies 2017, 10, 1703 26 of 48 Figure 15 , the optimal maximum cooling rate obtained at negative value. Obtained optimal design parameters (A, L, N) of STEC is not valid. There are a few points of the search area of the design parameters, they reflect the weak escape capability from local optima of SA. DE can perform well and find the optimal result under the equality constraint condition. As shown by Figure 16 , the optimal maximum cooling rate is 50.475 (W). Optimal design parameters (A, L, N)3 = (0.553 mm 2 , 0.417 mm, 1111 units). The obtained result satisfies the constraints (within the boundary constraint, calculated COP ~ 1). STEC can produce a significant high cooling rate with respect to a required COP but not practical. To produce this STEC module, the minimum required area of STEC should get Smin = A3N3 = 614.383 mm 2 and the minimum cost of material should get costmin = $4340 which is very costly. The algorithm converges after 175 numbers of evaluation. Computational time until it meets the stopping condition is around 7.5 s. DE can perform well and find the optimal result under the equality constraint condition. As shown by Figure 16 , the optimal maximum cooling rate is 50.475 (W). Optimal design parameters (A, L, N) 3 = (0.553 mm 2 , 0.417 mm, 1111 units). The obtained result satisfies the constraints (within the boundary constraint, calculated COP~1). STEC can produce a significant high cooling rate with respect to a required COP but not practical. To produce this STEC module, the minimum required area of STEC should get S min = A 3 N 3 = 614.383 mm 2 and the minimum cost of material should get cost min = $4340 which is very costly. The algorithm converges after 175 numbers of evaluation. Computational time until it meets the stopping condition is around 7.5 s. Figure 15 , the optimal maximum cooling rate obtained at negative value. Obtained optimal design parameters (A, L, N) of STEC is not valid. There are a few points of the search area of the design parameters, they reflect the weak escape capability from local optima of SA. DE can perform well and find the optimal result under the equality constraint condition. As shown by Figure 16 , the optimal maximum cooling rate is 50.475 (W). Optimal design parameters (A, L, N)3 = (0.553 mm 2 , 0.417 mm, 1111 units). The obtained result satisfies the constraints (within the boundary constraint, calculated COP ~ 1). STEC can produce a significant high cooling rate with respect to a required COP but not practical. To produce this STEC module, the minimum required area of STEC should get Smin = A3N3 = 614.383 mm 2 and the minimum cost of material should get costmin = $4340 which is very costly. The algorithm converges after 175 numbers of evaluation. Computational time until it meets the stopping condition is around 7.5 s. Figure 17 shows the 3D search of optimal points of design parameters (A, L, N), the points with black color are the accepted optimal solutions, and the convergence area of the algorithm is pointed out. Because it takes more iterations to converge to the optimal solution, more points are reflected in the figure as compared to its performance in Test case-1.
Energies 2017, 10, 1703 27 of 48 Figure 17 shows the 3D search of optimal points of design parameters (A, L, N), the points with black color are the accepted optimal solutions, and the convergence area of the algorithm is pointed out. Because it takes more iterations to converge to the optimal solution, more points are reflected in the figure as compared to its performance in Test case-1. 
Test Case-3
This test case is useful for designers to achieve an optimal cooling rate with respect to a required COP. From Figure 18 , the optimal maximum cooling rate is 6.587 (W). Optimal design parameters (A, L, N)4 = (0.522 mm 2 , 0.3 mm, 145 units). The obtained result satisfies all constraints (A4N4 = 75.69 mm 2 < S = 100 mm 2 , cost of material = $384.7 < costmax = $385). The algorithm converges after 155 numbers of evaluation. Computational time until it meets the stopping condition is 7.55 s. In Cheng's work [29] , by using the same setting of STEC model, the achieve the optimal design (A, L, N)5 = (0.56 mm 2 , 0.3 mm, 134 units) with the cooling rate is 5.62 (W). These values show the benefit of DE when can find a better set of design parameters which yield larger fitness value. This issue is discussed and analyzed later. 
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This test case is useful for designers to achieve an optimal cooling rate with respect to a required COP. From Figure 18 , the optimal maximum cooling rate is 6.587 (W). Optimal design parameters (A, L, N)4 = (0.522 mm 2 , 0.3 mm, 145 units). The obtained result satisfies all constraints (A4N4 = 75.69 mm 2 < S = 100 mm 2 , cost of material = $384.7 < costmax = $385). The algorithm converges after 155 numbers of evaluation. Computational time until it meets the stopping condition is 7.55 s. In Cheng's work [29] , by using the same setting of STEC model, the achieve the optimal design (A, L, N)5 = (0.56 mm 2 , 0.3 mm, 134 units) with the cooling rate is 5.62 (W). These values show the benefit of DE when can find a better set of design parameters which yield larger fitness value. This issue is discussed and analyzed later. In both test cases, the SA algorithm converges after 42,000 numbers of evaluation over approximate 80,312 total number of evaluations. Computational time until it meets the stopping condition is 66 s. The DE algorithm converges after 100 iterationsof atotal number of 300. Computational time until it meets the stopping condition is 35 s. It's obvious that the speed of finding the optimal solution using the DE approach is faster than the SA approach. Figure 23 shows the 3D search of optimal points of design parameters (Ih, Ic, r), the points with "." symbol re the accepted optimal solutions within the search process of SA, the points with "o" symbols are the accepted optimal solutions within the DE search process. The convergence area of design variables of the two algorithms in the two different test cases is pointed out. As it can be observed that for every test case which is maximizing cooling rate or maximizing COP, both algorithms produce the same optimal findings, hence, they converge at the same position on the 3D-figure. The search area of SA, which is inside the boundary is fairly wide and the search area of DE is narrower than the SA's one. Compared with Xuan's work [34] using an analytical method and In both test cases, the SA algorithm converges after 42,000 numbers of evaluation over approximate 80,312 total number of evaluations. Computational time until it meets the stopping condition is 66 s. The DE algorithm converges after 100 iterationsof atotal number of 300. Computational time until it meets the stopping condition is 35 s. It's obvious that the speed of finding the optimal solution using the DE approach is faster than the SA approach. Figure 23 shows the 3D search of optimal points of design parameters (Ih, Ic, r), the points with "." symbol re the accepted optimal solutions within the search process of SA, the points with "o" symbols are the accepted optimal solutions within the DE search process. The convergence area of design variables of the two algorithms in the two different test cases is pointed out. As it can be observed that for every test case which is maximizing cooling rate or maximizing COP, both algorithms produce the same optimal findings, hence, they converge at the same position on the 3D-figure. The search area of SA, which is inside the boundary is fairly wide and the search area of DE is narrower than the SA's one. Compared with Xuan's work [34] using an analytical method and In both test cases, the SA algorithm converges after 42,000 numbers of evaluation over approximate 80,312 total number of evaluations. Computational time until it meets the stopping condition is 66 s. The DE algorithm converges after 100 iterationsof atotal number of 300. Computational time until it meets the stopping condition is 35 s. It's obvious that the speed of finding the optimal solution using the DE approach is faster than the SA approach. Figure 23 shows the 3D search of optimal points of design parameters (I h , I c , r), the points with "." symbol re the accepted optimal solutions within the search process of SA, the points with "o" symbols are the accepted optimal solutions within the DE search process. The convergence area of design variables of the two algorithms in the two different test cases is pointed out. As it can be observed that for every test case which is maximizing cooling rate or maximizing COP, both algorithms produce the same optimal findings, hence, they converge at the same position on the 3D-figure. The search area of SA, which is inside the boundary is fairly wide and the search area of DE is narrower than the SA's one. Compared with Xuan's work [34] using an analytical method and Cheng's work [30] using a GA method to find the optimal result of a TTEC, when optimizing the cooling rate, optimal (I h , I c , r) 3 = (7.425 (A) 
Stability Test
Generally, a metaheuristic algorithm-technique may not converge to an exact solution in every random run performed, hence, it is not possible to accurately evaluate their performances considering only a single run. In contrast, many runs should be realized for every case study of a TEC system setting in order to get an accurate finding-idea regarding the stability of the algorithm. In order to achieve that, SA and DE are coded in theMATLAB 2013a platform and then we run 30 different runs on a computer system (equipped with the Windows 7 OS, an Intel ® Core™ i5-3470 @ 3.2 GHz CPU and 4GB DDR RAM). Case studies are designed for STEC and TTEC to conduct this test following the above test cases. COP is an equality constraint condition which is considered in Test case-3, hence, it is unnecessary to do the Test case-2. Moreover, Test cases 1, 3, 4 and 5 are used for partial results which produce the TEC design based on a literature review.
• In order to evaluate-compare-the performances of SA and DE, GA is run on with the same condition settings in the four test cases. The lowest value, average value, best value, and standard deviation value of the objective function with respect to every technique are provided in Tables 8-10 . Figures 24-28 present the graphs illustrating the best fitness after 30 trials for Test cases 1, 3, 4 and 5.
In test case-1, as shown in Table 8 and Figure 24 , the highest achievable best fitness is 7.421 W which is obtained by the DE approach, followed by SA and GA which produce similar values Qc = 7.420 Wand Qc = 7.417 W, respectively. The smallest achievable best fitness is Qc = 5.982 W which is obtained by the GA approach, followed by SA and DE which produce different values 7.417 W and 7.421 W. The average best fitness values obtained by the GA, SA and DE approaches are 3.880 W, 7.410 W and 7.421 W, respectively. As it can be seen in the related figure, in every iteration, DE performs a bit better than SA in this test case after 30 trial runs, and SA and DE both have slightly better performance than GA. 
In test case-1, as shown in Table 8 and Figure 24 , the highest achievable best fitness is 7.421 W which is obtained by the DE approach, followed by SA and GA which produce similar values In Test case-3, as seen from Table 9 and Figure 25 , SA cannot solve this problem, and the highest achievable best fitness of this test case is Qc = 6.596 W which is obtained by the DE approach, followed by GA which produces nearly the same value Qc = 6.595 W. The smallest achievable of best fitness is Qc = 5.487 W which is obtained by GA's approach, worse than DE which produces Qc = 6.596 W. The average value of best fitness obtained by the GA and DE approaches is Qc = 2.154 W and Qc = 6.596 W, respectively. DE obviously performs better quality than GA. In Test case-3, as seen from Table 9 and Figure 25 , SA cannot solve this problem, and the highest achievable best fitness of this test case is Q c = 6.596 W which is obtained by the DE approach, followed by GA which produces nearly the same value Q c = 6.595 W. The smallest achievable of best fitness is Q c = 5.487 W which is obtained by GA's approach, worse than DE which produces Q c = 6.596 W. The average value of best fitness obtained by the GA and DE approaches is Q c = 2.154 W and Q c = 6.596 W, respectively. DE obviously performs better quality than GA. Through these test cases, GA seems less effective, producing a lower average cooling rate than the others. To analyze this in more depth, the standard deviation of the best fitness is calculated to measure the dispersion of the data from the mean value. The more spread apart the data, the higher the deviation. As shown in Table 10 , in every trial run, for both Test cases 4 and 5, DE produces the same quality of cooling rate, hence, the standard deviation of the best fitness obtained using the DE approach is exactly equal to 0. The obtained findings after 30 trials by using GA's approach are more oscillation because the achieved best fitness after every running time is quite distinct, with the average value of best fitness is lower than using DE's approach, but higher standard deviation such as 0.8616 W in Test case-1, 1.3251 W in Test case-3. GA avowedly shows less stable than DE. When using SA, in Test case-1, the findings after 30 trials have a bit oscillate, not perfect as DE but much better than GA with standard deviation is 0.0025 W. In Test cases 4 and 5, SA make a good performance when yield the standard deviation values same with DE which is equal to 0. Using GA is hard to find good optimal findings, using SA can solve a limited issue with higher stability and the ability to find global optimum than GA. DE is an algorithm to find optimal findings of STEC with the highest stability and reliability. Through these test cases, GA seems less effective, producing a lower average cooling rate than the others. To analyze this in more depth, the standard deviation of the best fitness is calculated to measure the dispersion of the data from the mean value. The more spread apart the data, the higher the deviation. As shown in Table 10 , in every trial run, for both Test cases 4 and 5, DE produces the same quality of cooling rate, hence, the standard deviation of the best fitness obtained using the DE approach is exactly equal to 0. The obtained findings after 30 trials by using GA's approach are more oscillation because the achieved best fitness after every running time is quite distinct, with the average value of best fitness is lower than using DE's approach, but higher standard deviation such as 0.8616 W in Test case-1, 1.3251 W in Test case-3. GA avowedly shows less stable than DE. When using SA, in Test case-1, the findings after 30 trials have a bit oscillate, not perfect as DE but much better than GA with standard deviation is 0.0025 W. In Test cases 4 and 5, SA make a good performance when yield the standard deviation values same with DE which is equal to 0. Using GA is hard to find good optimal findings, using SA can solve a limited issue with higher stability and the ability to find global optimum than GA. DE is an algorithm to find optimal findings of STEC with the highest stability and reliability. 
Computational Efficiency Test
Computational efficiency regarding the considered metaheuristic techniques is compared (evaluated) based on the real time calculation of the system running. Times for finding the best solution and the total running times which a complex heuristic is allowed to run just before the termination are reported.
In Test case-1, as shown in Figure 28a , the average total computational time of SA is 91.5 s. SA takes an average of 76 s for finding the best solution, or 83% of total time, and consumes 15.5 s to meet the stopping condition. For DE, the average total computational time of DE is 33 s, the average time to find the best solution is 11 s, or 3% of total time. In Test case-3, as can be seen in Figure 28b , DE achieves the same performance. The average total computational time of DE is 33 s. DE consumes 26 s, which is 78% of the average total time, is higher than Test case-1 to search the best solution because of taking more constraints than Test case-1. Performance of GA is weak, as the search takes few iterations, less than the average 5.03 s to meet the stopping condition for test case 1 and more than 130 s total computational time, but GA cannot achieve optimal findings like SA and DE. 
In Test case-1, as shown in Figure 28a , the average total computational time of SA is 91.5 s. SA takes an average of 76 s for finding the best solution, or 83% of total time, and consumes 15.5 s to meet the stopping condition. For DE, the average total computational time of DE is 33 s, the average time to find the best solution is 11 s, or 3% of total time. In Test case-3, as can be seen in Figure 28b , DE achieves the same performance. The average total computational time of DE is 33 s. DE consumes 26 s, which is 78% of the average total time, is higher than Test case-1 to search the best solution because of taking more constraints than Test case-1. Performance of GA is weak, as the search takes few iterations, less than the average 5.03 s to meet the stopping condition for test case 1 and more than 130 s total computational time, but GA cannot achieve optimal findings like SA and DE. In Test cases 4 and 5, as represented in Figure 29a ,b, in both test cases the algorithms have the same average calculation time. SA consumes highest average total computational time, which is 66 s, DE takes 48 s to meet the stopping condition, but only 33 s which is approximately the same as SA for finding the best solution (50% of average total computational time). The computational time of the algorithms is controlled by a few key important parameters. For SA, it depends on how big the initial temperature To, the final stopping temperature Tmin and the number of runs runmax with respect to every temperature's value are. For DE, it depends on the total number of iterations imax. The computational time also certainly depends on the configuration of the computer and the structure of the code. The computational time to find the best solution depends on how simple of the algorithm's structure is and how good the parameter selections are. Therefore, choosing a good parameter setting is significantly important as it affects the time consumption and also the quality of the solutions. In Test cases 4 and 5, as represented in Figure 29a ,b, in both test cases the algorithms have the same average calculation time. SA consumes highest average total computational time, which is 66 s, DE takes 48 s to meet the stopping condition, but only 33 s which is approximately the same as SA for finding the best solution (50% of average total computational time). The computational time of the algorithms is controlled by a few key important parameters. For SA, it depends on how big the initial temperature T o , the final stopping temperature T min and the number of runs run max with respect to every temperature's value are. For DE, it depends on the total number of iterations i max . The computational time also certainly depends on the configuration of the computer and the structure of the code. The computational time to find the best solution depends on how simple of the algorithm's structure is and how good the parameter selections are. Therefore, choosing a good parameter setting is significantly important as it affects the time consumption and also the quality of the solutions. 
Robustness Test
Robustness of a metaheuristic is evaluated (compared) by measuring the less sensitive capability against different types of applied system, and parameter tuning than other approaches [57] . A heuristic that can only get an excellent solution within only one instance of a problem or cannot perform well in reaching to the optimal finding when a small adjustment of a parameter setting is made is arguably not very interesting and also not robust. In Section 4.1, the SA and DE algorithms have been tested with five TEC model case studies, and the tests show that DE is more robust, performing well in all of the problems with one set of parameters and SA is less robust in terms of diverse instances of the problem. To give more justification of the robustness of the algorithms, eight sets of parameters of both algorithms are used based on small changes to the original set of parameters from Tables 2 and 3 . To test the robustness of the algorithms, Test cases 1, 2, 4 and 5 are used, the algorithms are run in 30 times and we collect the average value of best fitness, and also standard deviation.
Main parameters of DE which have the significant impact on its performance as well as its robustness are F, CR and P. The maximum number of iterations imax does not affect the quality of the solution, and a large enough imax can maintain the searching process for finding the optimal solution. For SA, the main parameters which impact its robustness are To, nmax, α, Tfinal. The original set of parameters for DE and SA are (F, CR, P) = (0.85, 0.95, 30) and (To, nmax, α, Tfinal) = (100, 300, 0.95, 10 −10 ). The findings are shown in Tables 11 and 12 . As it can be seen in Table 11 , DE achieves the same average value of best fitness with 0 value of standard deviation with the first five sets of parameters, meaning that for every test case, DE always obtains the optimal cooling rate or COP in every run. These findings show the strong robustness of 
Main parameters of DE which have the significant impact on its performance as well as its robustness are F, CR and P. The maximum number of iterations i max does not affect the quality of the solution, and a large enough i max can maintain the searching process for finding the optimal solution. For SA, the main parameters which impact its robustness are T o , n max , α, T final . The original set of parameters for DE and SA are (F, CR, P) = (0.85, 0.95, 30) and (T o , n max , α, T final ) = (100, 300, 0.95, 10 −10 ). The findings are shown in Tables 11 and 12. As it can be seen in Table 11 , DE achieves the same average value of best fitness with 0 value of standard deviation with the first five sets of parameters, meaning that for every test case, DE always obtains the optimal cooling rate or COP in every run. These findings show the strong robustness of DE. However, the robustness of DE is reduced in Test case-1 or even cannot find an optimal solution in Test cases 3, 4 and 5. That's because the value of CR has been reduced a lot (from the range [0.9-1] to the range [0-0.2]), causing the slow convergence of the search process.
From Table 12 , the stability of SA decreases in the second adjustment even keeping constant the final temperature T final and the run max . Reducing T o and α or increasing T final leads to a significant reduction of the number of iterations, and the algorithm meets the stopping condition before coming to convergence. Reducing run max leads to a limitation of the number of random points generated with respect to every value of temperature. SA is less robust than DE considering the sensitivity to parameter adjustment.
Test on HSAGA and HSADE
As it can be seen within Sub-Section 4.1, SA was tested under non-linear constraint conditions in Test case-2, and cannot handle it. GA can solve constraint problems but has low performance in terms of stability. Hybridization of GA and SA can eliminate the defects of regarding both two methods, uncover their advantages, and eventually improve the efficiency of the solution process.
HSAGA is the combination of both algorithms, SA and GA. HSADE is the combination of SA and DE. The structure of these hybrid algorithms is heavier than that of the single ones and consumes more time to find the optimal solution. The parameter selection is also complicated and it will impact the robustness of the algorithm.
This test is used to evaluate the stability of the hybrid techniques. Test cases 1 and 3 are used to test the algorithm under non-linear inequality and non-linear equality constraint, respectively. Same conditions, i.e., running 30 trials, is used to measure the stability of the technique. All the necessary data are obtained and compared with the findings, which have been achieved of SA and DE from Tables 8 and 9 .
The findings of the hybrid techniques for Test case-1 and Test case-3 are shown in Table 13 . Obtained findings from HSAGA are slightly better than what are achieved from SA and GA. Standard deviation values measured by HSAGA approach are lower than SA and GA in Test cases 1 and 3, which means HSAGA are more stable and more effective to find optimal solution. However, these findings still not achieve as good findings as DE's approach, hence, in finding part HSAGA is not used. 
Optimization Results
Thanks to the process of evaluating (comparing) the performances of the metaheuristic algorithms: SA and DE, findings from optimizing the design of STEC and TTEC are obtained. Some case studies preferred from the works of [29, 30] are presented as follows:
Case-1: The parameter settings of the STEC model follow Table 6 and SA and DE are applied to find an optimal STEC geometric design under the limitation of total area S = 100 mm 2 and the maximum cost for material is $385. However, the applied current is varied from 0.1 A to 8 A, hot side and cold side temperature are set as T h = T c = 323 • K, the requirement of COP is neglected. With ∆T = 0 • K, the maximum cooling rate for every specific value of applied DC current can be achieved. Because COP is not considered, SA can provide good performance and is run under the same conditions, and the results from the Cheng's work employing GA are used for the comparison. Case-2: Same condition settings as Case-1 but with the cold side temperature T c is varied from 283 • K to 323 • K and hot side temperature T h still remains in 323 • K and the applied current is kept in 1 A. The obtained results are useful for designers to choose a suitable STEC geometric design which yields enough cooling capacity and satisfies the required temperature difference ∆T with a defined input current.
Case-3: Same condition settings as Case-1. In this case, COP is not considered as a requirement though it has an important role in STEC performance. Considering cooling rate as an objective function which is single-objective optimization, in this case, the requirement of COP is required as a constraint condition which has a value equal to 1. Case-4: In this study, the parameters settings of TTEC follows Table 7 but the total number of semiconductor elements N is changed to 200 to compare with the results of Cheng [29] . The first type of TTEC as connected electrically in series (I h = I c ) and second type of TTEC is separated electrically in series (I h = I c ) are used, T c,c is varied from 210 • K to 230 • K and T c,h is kept in 240 • K.
Case-5: In this case, the effect of contact and spreading resistance are taken into consideration. The parameter settings of two types of TTEC follow Table 14 and the calculations from Section 3.2.3, which are preferred from Rao [33] and Cheng's work [30] with the consideration of contact and spreading thermal resistance. TTEC is used to produce temperature T c,c = 210 • K at a temperature of T h,h = 300 • K is needed to be optimized for maximizing Q c,c and COP separately. The total number of semiconductor elements of TTEC is N t = 100 units and the ratio of cross-sectional area to the semiconductor element is G = 0.0018. Thermal resistance is presented at the interface of TEC. Alumina with a thermal conductivity k h,s equal to 30 W/m • K is a substrate for considering the spreading resistance. The thickness of the substrate S h,s is equal to 0.1 cm. In order to consider the contact resistance, which is between the two stages, the joint resistance RS j is varied from 0.02 to 2 cm 2 K/W.
Case-6: In this case, multi-objective optimization maximizing Q c,c and COP simultaneously to create the Pareto frontier. Following the parameter settings of Table 14 , the TTEC type with better performance from Case-5 is chosen to form the Pareto front graph. TTEC designs with the balance of maximum Q c,c and maximum COP are suggested. For the Case-1, Table 15 represents the optimal parameters of design for STEC model over various applied currents from 0.1 A to 8 A obtained by applying DE and SA algorithms. The comparison with the work of Cheng using GA [29] is shown in Figure 30 . For the Case-1, Table 15 represents the optimal parameters of design for STEC model over various applied currents from 0.1 A to 8 A obtained by applying DE and SA algorithms. The comparison with the work of Cheng using GA [29] is shown in Figure 30 . When the value of the optimal cooling rate is increased, the cross-sectional area regarding the semiconductor elements increases A and number of semiconductor elements N decreases, the length L doesn't change during the search and reaches to the lower bound with the limit of 0.3 mm. As represented in Figure 30 , when the input current is larger than 0.5 A, the maximum values regarding cooling rate obtained by SA and DE are approximately 7.42 W (which is seen as unchanged). The results demonstrate that STEC using SA and DE can reach its maximum capacity of cooling even in the context of various input currents. Moreover, these obtained results from DE and SA are about 17.8% higher than the obtained findings (results) in [29] by using GA with the same results obtained by SA. The figure points to better performance by SA and DE as compared to GA, which was used by Cheng [29] . With the same obtained design parameters from both the SA and DE algorithms, the respective COPs are calculated and they have the same value which is approximately 0.5. With various input currents and fixed temperature differences, Q c increases while COP decreases and reaches a fixed value of 0.5. From there, the electrical power consumption of STEC for every optimal design parameters is also kept at a constant value of 14.84 W based on Equation (4) provided before.
Related to Case-2, Table 16 presents the optimal parameters of design for STEC model over various cold side temperature from 283 • K to 333 • K. As it can be seen from the table the optimal value of Q c increases when the cold side temperature T c is increased. The increase of Q c is more obvious when T c is above the hot side temperature T h . Also, as T c is increased, the optimal cross-sectional area of the semiconductor elements decreases as the number of semiconductor elements increases. Here, their length reaches a lower bound of 0.3 mm in order to achieve a the maximum Q c . Figure 31 presents the effects of optimal dimensions for maximizing Q c , considering various T c . As can be seen, the optimal Q c increases together with T c and if the value of T c is increased more than 333 • K, the optimal Q c also keeps increasing. At this point, the results obtained with DE are slightly better than the ones in the Cheng's work [29] , and not quite different from the ones obtained with SA. SA even performs worse than DE when T c = 313 • K which yields a cooling rate 0.3 W, 11.4 times less than the DE approach. Because SA is less stable than DE, hence, in few running times, SA can find optimal cooling rate as good as using DE's approach. Respective COP is calculated based on the obtained design parameters from DE approach. As it can be seen from Figure 32 , with various cold side temperature, COP increases simultaneously with Q c . This data show that when we want to design STEC, which yield a larger temperature difference ∆T with a fixed applied current and fixed volume, Q c and the COP are decreased. In the context of Case-3, Table 17 presents the optimal design parameters for a STEC model in the context of various input currents along with the requirement of COP = 1. Briefly, SA cannot realize the system under the constraint of nonlinear equality. On the other hand, DE is able to show a good advantage, which is the ability to solve the problem with the constraint of nonlinear equality. Using DE, the achieved cooling rate reaches a value of 6.59 W, 17.3% higher than the results in Cheng's work in which GA is employed. Moving to Figure 32 , it can be verified that the DE is often better than GA. In the context of Table 17 , the leg area should be increased for tolerating an input current which is higher. In the context of Case-3, Table 17 presents the optimal design parameters for a STEC model in the context of various input currents along with the requirement of COP = 1. Briefly, SA cannot realize the system under the constraint of nonlinear equality. On the other hand, DE is able to show a good advantage, which is the ability to solve the problem with the constraint of nonlinear equality. Using DE, the achieved cooling rate reaches a value of 6.59 W, 17.3% higher than the results in Cheng's work in which GA is employed. Moving to Figure 32 , it can be verified that the DE is often better than GA. In the context of Table 17 , the leg area should be increased for tolerating an input current which is higher. the context of various input currents along with the requirement of COP = 1. Briefly, SA cannot realize the system under the constraint of nonlinear equality. On the other hand, DE is able to show a good advantage, which is the ability to solve the problem with the constraint of nonlinear equality. Using DE, the achieved cooling rate reaches a value of 6.59 W, 17.3% higher than the results in Cheng's work in which GA is employed. Moving to Figure 32 , it can be verified that the DE is often better than GA. In the context of Table 17 , the leg area should be increased for tolerating an input current which is higher. For the Case-4, Tables 18 and 19 show the optimized parameters by using DE and SA for maximizing the cooling rate Q c,c as well as maximizing COP when the first type TTEC and second type TTEC are considered and the comparison with the optimized parameters as provided in Cheng's work [29] employing the GA approach. As it can be understood, when T c,c is increased, it means that the temperature difference between the temperature of the cold side of the cold stage and the temperature of the hot side of the hot stage ∆T becomes smaller, and the optimal value of the maximum cooling rate and maximum COP increase. These results demonstrate that the second type of TTEC has better performance for the maximum cooling capacity than the first type TTEC. In some applications, in which cooling capacity is more important, a second type TTEC will produce better performance. When comparing the obtained results between the meta-heuristics, DE and SA obtained same output and they seem to perform better than GA in every value of T c,c . With the first type TTEC, there is no difference between the optimal results. With the second type TTEC, when T c,c is from 210 • K to 230 • K, the present approach using DE increases the cooling capacity by 0.74%, 0.65% and 0.39% when compared with the GA approach used by Cheng's work [29] . Similarly, for the maximum COP, the present approach provides 25% higher COP when compared with the GA approach (as the T c,c = 220 • K). Tables 20 and 21 with the consideration of total thermal resistance RS t , respectively. As can be seen, the maximum cooling capacity and maximum COP performance are improved and more obvious when the joint resistance is increased. When comparing the obtained results using DE with the GA approach of Cheng, in terms of maximum COP, DE and SA totally perform better than GA in terms of maximum Q c,c . DE and SA can properly maintain and improve the performance. The improvement of the optimal results using the DE and SA approaches compared to the GA approach will become more significant when the total number of thermo-elements or cold temperature on the cold side are increased as in Case-1 when compared to the optimal results regarding Case-1 and Case-2. In the same condition which means T c,c is equal to 210 • K and total number of thermal element is 100, can see that the optimal results of the two case studies are similar. This means that the optimization technique has the ability to neglect the effect of contact and thermal spreading resistances. In the context of Case-6, second type TTEC with better performance was chosen to test the multi-objective optimization, RS j was varied from 0.2 to 2 cm 2 K/W, and to give more diverse results, T c,c was varied from 210 • K to 230 • K in every value of RS j . After the Figure 33 showing 3D distribution of Pareto optima variables, Figures 34-36 show the Pareto frontier of multi-objective optimization on cooling rate and COP when considering a second type TTEC. The Pareto-front briefly separates the space of objective function into two parts: the part below the curve includes non-optimal solutions and the part above includes in feasible solutions. Figure 33 shows the 3D graph of the optimal variables with respect to the Pareto front in Figure 34 . As it is represented in Figure 34 In the context of Case-6, second type TTEC with better performance was chosen to test the multiobjective optimization, RSj was varied from 0.2 to 2 cm 2 K/W, and to give more diverse results, Tc,c was varied from 210 °K to 230 °K in every value of RSj. After the Figure 33 showing 3D distribution of Pareto optima variables, Figures 34-36 show the Pareto frontier of multi-objective optimization on cooling rate and COP when considering a second type TTEC. The Pareto-front briefly separates the space of objective function into two parts: the part below the curve includes non-optimal solutions and the part above includes in feasible solutions. Figure 33 shows the 3D graph of the optimal variables with respect to the Pareto front in Figure 34 . As it is represented in Figure 34 Table 22 collects some outstanding data which have detailed information on optimal design variables, the optimal values of cooling rate and COP obtained from the multi-objective optimization process. The maximum cooling capacity observed at w 1 equal to 1 where the COP is minimized. The maximum COP occurs at w 1 equal to 0 as the cooling capacity has the minimum value at this point. When w 1 is equal to 0.5, the maximum of cooling capacity is considered as important as maximum COP. These data are more for designers to refer to and choose the suitable parameters of I h , I c and r flexibly so that they can satisfy the condition of both objectives based on the demand of practical applications. 
Discussion
The optimization models of STEC and TTEC considering cooling rate and COP as two objective functions are presented. Our parameter selection of TEC models including STEC and TTEC follow the works of Cheng [29, 30] and Rao [33] , respectively, for more convenience in comparison between the obtained results. Testing experiments are done to evaluate the performance shown by the algorithms, considering some predefined criteria such as convergence speed, computational effort, stability and robustness test with some predefined test cases.
The 2D and 3D convergence curve of each algorithm is analyzed and discussed with respect to its computational time. The stability and computational efficiency are investigated by running the algorithm over 30 trials, then calculating the average value, standard deviation value and average time consumed of the best fitness for comparison purposes. With the capability of solving the diverse problems such as equality, inequality constraint handling and also the less sensitivity of algorithms to parameter setting changes, the robustness is then evaluated.
DE can yield the best optimal results with the least computation time among the optimization techniques during the first time the system is run, and retains the highest performance with 0 standard deviation during the remaining running time. It shows reliability, reliability and robustness combined with computational efficiency.
HSAGA was suggested to overcome the weaknesses of the SA and GA such as capability of handling non-linear equality constraints and the poor stability, respectively. HSAGA has shown better performance better than SA and GA but worse than DE despite having a heavier structure and consuming more time to find an optimum solution. HSADE obtained the same performance as DE and consumed more computational time to find the best fitness function.
Findings from optimizing STEC and TTEC were conducted by using SA and DE and applied in defining case studies. Single-objective optimization is applied for STEC with the cooling rate as an objective function and multi-objective optimization is applied for TTEC, considering the cooling rate and COP are to be optimized simultaneously by using a weighted method. With this simulation strategy, better design parameters of both types of TEC have been achieved. In case study 1, with the geometric design X 1 = (N, A, L) 1 = (437, 0.17, 0.3) and applied current 0.5 A is enough to produce maximum cooling rate 7.42 W with COP equal to 0.5 and temperature difference ∆T = 0 • K. In case studies 2, 4 and 5, depending on the desire temperature difference, a suitable set of design parameters for the TEC can be chosen to yield a large enough cooling rate with a corresponding high COP. In case study 3, with geometric design X 2 = (N, A, L) 2 = (723, 0.1, 0.3) and applied current 0.2 A is enough to produce a maximum cooling rate 6.59 W with a COP equal to 1 and temperature difference ∆T = 0 • K. In case study 6, with multi-objective optimization, the Pareto front has balanced the importance of maximum cooling rate and maximum COP and is significant for designers to choose a suitable design in practical applications.
In addition to the explanations above, some important remarks from the performed tests (applications) can be expressed briefly as follows in order to inform readers about what has been accomplished with this study and what can be done in similar future applications starting from the results presented here:
Results provided here are some proofs of the success of SA and DE in solving single-objective and multi-objective optimization problems. Results of this study contribute to the previous findings in the literature (and also ideas in this study) regarding the better optimization performance of both SA and DE than GA. The study here provided a wide examination of the optimization problems of TECs by focusing on the stability, reliability, robustness and computational efficiency of the techniques used. These are important to have accurate ideas about also the success of SA and DE according to objective tests-problems and performance of the GA. According to the obtained findings (results), it is possible to indicate that the objectives of the study have been met. In detail, our investigation on using metaheuristic stand-alone techniques like SA and DE for STECs and TTECs has been successful. Following that, the research has proven that the development of hybrid techniques for STECs and TTECs has resulted in positive findings. Finally, validation of all the techniques used (stand-alone and hybrid ones) on STECs and TTECs has been done through the explained methodology-research process. Multi-objective optimization approaches discussed in this study are useful for the designer to find the suitable design parameters of TECs balancing the important role of cooling rate and COP. For the interested readers, the results reported here open doors to further investigations of STECs and TTECs using additional alternative metaheuristic and stand-alone techniques, and also alternative methods for them. Additionally, it is good to run alternative design optimizations by using the same SA and DE stand-alone techniques and also hybrid techniques developed with them. Optimization is a process occurring in life itself and especially hard problems require the use of effective and accurate techniques to obtain the desired optimal results. Currently, metaheuristic techniques are important ways to deal with such problems. There are many unsolved hard problems or problems requiring better solution methods waiting for researchers to perform the necessary investigations on them.
Conclusions and Future Work
In this study, Differential Evolution (DE) and Simulated Annealing (SA) and hybrid algorithms were used and applied successfully in two different types of TEC model which are single-stage TEC and two-stage TEC to find their optimal design parameters. In single-stage TECs, the design parameters are the geometric parameters of the semiconductor element, like the length and also the area of the semiconductor column, and the total number of semiconductor elements in the single-stage TEC. In a two stage TEC, the design parameters are the applied current within the hot stage and also the cold stage, and number of total semiconductor elements of two stage TEC. Cooling rate and COP are criteria which are remarkable for evaluating the performance shown by STECs. They are considered as objective functions and optimized separately or simultaneously by using a weighted method. For single-objective optimization, the cooling rate is more the focus than COP, the COP is neglected or also can be accepted as a satisfied condition (COP = 1) to obtain the optimal cooling rate value. Both DE and SA are tested in some defined test cases of STECs and TTECs with consideration of constraint conditions. Another technique, Genetic Algorithm (GA), is used for comparison to evaluate their performance. Parameter settings of the TEC model are referred from the research of Cheng for a single-stage TEC model and the research of Cheng and Rao for a two-stage TEC model. Parameter settings of the algorithms are referred from the literature review, which represents a combination of the authors' experience when working with MATLAB.
According to the performed tests (applications), both considered algorithms show more stability and reliability than GA. SA can perform well with unconstrained and non-linear inequality constraints. For non-linear equality constraint conditions (COP = 1), SA cannot solve the problem. DE has the capability to handle all the test problems of TECs, including problems with non-linear inequality and equality constraint (COP = 1) and shows perfect stability with a standard deviation value equal to 0 and better performance than other algorithms in term of robustness.
The Hybrid Simulated Annealing Genetic Algorithm (HSAGA) Hybrid Simulated Annealing Differential Evolution (HSADE) are combinations of SA and GA, and SA and DE, respectively. HSAGA and HSADE can solve non-linear inequalities and also equality constraints. Furthermore, they are more robust compared to SA, and GA. However, their structure is heavier, and they consume more time to find optimal results but they are less robust than DE. Therefore, it was unnecessary to use HSAGA for solving the optimization issues of TECs in this research.
A single-stage TEC model is optimized under various applied and various cold side temperature currents by using the algorithm. These result tables should help designers choose a suitable TEC design which adapts well with the cooling purpose and balancing the roles of cooling rate and COP.
The study performed so far has also encouraged the authors to think about future research. Background and details of a planned future research project areas follows: in order to provide more justification for the results of our five case studies, a prototype needs to be created based on obtaining the design parameters to measure the output performance. The comparison between the practical experiments and simulation works would be necessary to analyze and justify the research claims. Making a TEC prototype is not an easy task which can be done by only a researcher, it's a work requiring collaboration between a researcher and a TEC manufacturer. The researcher is responsible for providing the volume of the TEC device, TEC design parameters and material parameters as well. The manufacturer is responsible for clarifying all necessary information to put the device into production. Considering the explanations so far, that work will be the topic of future research works.
